This cluster randomized trial evaluated the impact of the Promoting Alternative Thinking Strategies (PATHS) curriculum on children's psychological wellbeing, peer social support, and school connectedness. Forty-five schools in England were randomly assigned to implement PATHS or continue their usual provision for 2 years. The trial sample was 5,218 students, aged 7-9 at baseline (M ϭ 8.12, SD ϭ .87). Teachers in PATHS schools received initial training and ongoing implementation support and assistance from trained coaches. Multilevel intent-to-treat (ITT) analysis of outcome data indicated that PATHS led to a small, statistically significantly improvement in children's psychological wellbeing but had no discernible impact on their peer social support or school connectedness. Multilevel complier average causal effect estimation using dosage as a compliance marker increased the intervention effect size for psychological wellbeing and revealed significant medium to large effects for peer social support and school connectedness. The implications of these findings are discussed, and study limitations are noted.
experience greater levels of positive affect: "Emotions can need regulating when they threaten to overwhelm or need to be amplified . . . these [social-emotional] skills help them to experience more well-being and maintain satisfying relationships with others" (Denham, 2006, p. 70) . Research on the determinants of wellbeing provides support for these propositions. For example, several studies have evidenced positive associations between aspects of social-emotional competence and wellbeing (Brackett & Mayer, 2003; Jones, Greenberg, & Crowley, 2015; Mavroveli, Petrides, Rieffe, & Bakker, 2007; Moffitt et al., 2011) . More generally, research has also found that a supportive classroom climate predicts levels of youth wellbeing (Oberle, 2018) . Finally, Ashdown and Bernard's (2012) RCT of the You Can Do It SEL intervention led to significant improvements in the wellbeing of students in early childhood educational contexts.
With regard to peer social support, we note that improved prosocial peer relations are indicated as a proximal outcome in the PATHS program logic model (Center for the Study and Prevention of Violence, 2012) . We hypothesized that the relational and prosocial foci of the intervention (e.g., lessons on getting along with others, being responsible and caring for others, making and keeping friends) would plausibly lead to children being better equipped to develop and maintain cooperative social relationships with their peers, and in turn recognize the support they receive from them. We further theorized that this would be reinforced by concurrent improvements in social awareness through explicit instruction focusing on empathy and perspective-taking. As above, there is some empirical support for these propositions. For example, we know that early social-emotional competence acts as a foundation of later social competence and successful peer interaction and peer-rated likability (Denham et al., 2003; Hay, Payne, & Chadwick, 2004) . Similarly, a recent meta-analysis found that the ability to consider other people's thoughts and feelings is directly related to children's tendency to act prosocially (Imuta, Henry, Slaughter, Selcuk, & Ruffman, 2016) .
Finally, SEL theory forecasts a stronger sense of school connectedness among children exposed to programs such as PATHS because they create learning environments that are well-managed and participatory, and in which students feel cared for and safe (CASEL, 2003) . Here we can draw parallels with attachment theory, in which the development of secure attachment representations (e.g., "I am good, deserving and capable;" "Others are available and responsive to my needs;" "The world is safe") is supported through the caregiver's provision of a "secure base and safe haven" characterized by warmth, emotional support, and stimulation (Zeanah, Berlin, & Boris, 2011) . As children become more autonomous, meaningful connections with the schools they attend can be formed, given similar conditions (Oldfield, Humphrey, & Hebron, 2016) . Indeed, evidence suggests that students in fair and supportive environments are more likely to bond with their school (Roeser, van der Wolf, & Strobel, 2001) , unlike those who are victimized and treated unfairly (Ripski & Gregory, 2009) . Research has also demonstrated that students' social-emotional competence is prospectively associated with their school connectedness (Panayiotou et al., 2019; Ross & Tolan, 2018) .
Thus, extant theory and evidence support the proposition that the PATHS curriculum could feasibly lead to meaningful improvements in children's psychological wellbeing, peer social support, and school connectedness. However, research in implementation science consistently finds that one of the most important factors influencing the achievement of intervention outcomes is the level of implementation that is achieved (Durlak, 2016) . It is this issue to which we now turn.
Implementation Matters
Implementation refers to "the process of putting a practice or program into place" (Forman, 2015, p. 10) . Despite a significant rise in the proportion of SEL trials reporting on implementation in the last two decades (from just 5% in an early review to 69% in a recent meta-analysis; Durlak, 1997; Wigelsworth et al., 2016) , most offer only descriptive data (e.g., proportion of sessions delivered, average fidelity ratings). This provides evidence of the degree to which a given intervention was actually delivered but represents a significant missed opportunity in terms of use of such data to support estimation of effects that take implementation variability into account (Berg, Bradshaw, Jo, & Ialongo, 2017) .
Even with successful randomization, the estimation of intervention effects can be biased unless everyone complies with the intervention (Jo & Muthén, 2001 ). Theory and research in implementation science suggest that variability in delivery of schoolbased interventions is inevitable, and SEL programs are no exception (Durlak, 2016) . This variability is assumed to influence program outcomes (Durlak & DuPre, 2008; Durlak et al., 2011) . PATHS specifically is a "spiral curriculum," in which topics and concepts are revisited; units and lessons are developmentally sequenced; new learning is linked to previous learning; and the competence of learners increases with each successive visit to a topic or concept (Humphrey et al., 2015) . Given this, higher levels of exposure are arguably highly likely to underpin amplified intervention outcomes because of the increased opportunities afforded for reinforcement, consolidation, and generalization of learning.
Traditional approaches to analyzing the relationship between implementation and outcomes (e.g., "as treated" and "per protocol") have been found wanting, as they introduce even more bias by stripping out data from noncompliers (Sedgwick, 2015) . CACE and related instrumental variable approaches overcome this problem by using data from compliers and noncompliers across the intervention and control arms of a trial, thereby producing an unbiased intervention effect estimate . However, despite being commonplace in other fields (e.g., medicine; Stuart, Perry, Le, & Ialongo, 2008) , they have been given "little to no attention in school psychology" (Peugh & Toland, 2017, p. 5) . Indeed, following a systematic literature search undertaken in preparation for the current paper, we found just 11 published examples of the application of CACE in the context of a RCT of any school-based intervention (Berg et al., 2017; Cogo-Moreira, Brandao de Ávila, Ploubidis, & Mari, 2013; Connell, 2009; Connell, Dishion, Yasui, & Kavanagh, 2007; Fosco, Van Ryzin, Connell, & Stormshak, 2016; Jago et al., 2015; Schultz, Evans, Langberg, & Schoemann, 2017; Stormshak et al., 2011; Stuart et al., 2008; Van Ryzin, Stormshak, & Dishion, 2012; Véronneau, Dishion, Connell, & Kavanagh, 2016) . Despite the successful application of CACE in each of the above studies, compliance was examined at the individual level, which could lead to variance misestimation in cases where the effects of clustering and noncompliance are not-but should be-considered together (Jo, This document is copyrighted by the American Psychological Association or one of its allied publishers.
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CACE FOR PATHS RANDOMIZED TRIAL
Asparouhov, Muthén, Ialongo, & Brown, 2008) . To date, the application of CACE in a multilevel context has been scarce. Therefore, we sought to address this crucial gap in the literature.
The Current Study
The current study reports on a major RCT of the PATHS curriculum, commissioned by the National Institute for Health Research in England (Ref: 10/3006/01; Humphrey, Hennessey et al., 2018) . To date, other study outputs have been produced relating to the impact of PATHS on children's social and emotional competence, mental health difficulties (Humphrey, Barlow et al., 2016) and academic progress (Humphrey et al., 2015) . Some of these outcomes appeared to vary as a function of levels of implementation (Humphrey, Barlow, & Lendrum, 2018; Humphrey, Hennessey et al., 2018) . In this article, we turn to the impact of PATHS on children's psychological wellbeing, peer social support and school connectedness, with the secondary aim of determining the extent to which the magnitude of any intervention effects change once intervention compliance is taken into account. No previous study has focused on the impact of PATHS on the above noted outcomes, and although a minority have examined the moderating role of implementation variability (Berry et al., 2016; Conduct Problems Prevention Research Group, 1999b; Schonfeld et al., 2015) , none have used CACE. Building on existing work (Jo, Asparouhov, Muthén, Ialongo, et al., 2008) , one of our primary goals was, therefore, to provide an example of multilevel CACE analysis for a school-based cluster RCT, which has been notably absent from the existing literature (for Mplus code see online supplementary material file).
Based on the preceding theory and evidence, we predicted that intervention exposure would lead to significant improvements in students' psychological wellbeing (H1a), peer social support (H1b), and school connectedness (H1c) when compared to usual provision. However, we also predicted that the intervention effects noted above would be amplified once intervention compliance (using dosage as an appropriate marker) was taken into account (H2a-c).
Method Design
A two-group parallel cluster RCT was undertaken, with schools as the unit of randomization. Figure 1 depicts the flow of schools and children through the study. Random allocation of schools was performed independently of the authors by a local clinical trials unit, and was balanced by proportions of children eligible for free school meals (FSM) and speaking English as an additional language (EAL) via adaptive stratification (minimization).
Eligible schools were mainstream, state-maintained elementary schools in 10 local authorities (akin to school districts) in the north-west of England. Children attending participating schools in Years 3-5 (aged 7-9 years) were the target population. Participation required consent from the schools' head teachers. Child assent and parental opt-out consent were also sought. In total, 133 parents (2.5%) exercised their right to opt their children out of the trial, and no children declined assent or exercised their right to withdraw from the study. Baseline assessment of outcomes took place in summer 2012, with follow-up in summer 2014. Assessment of implementation took place in the intervening period. The study received ethical approval from the ethics committee at the authors' host institution (Ref: 11, 470) .
Participants
Schools. Fifty-eight schools were initially recruited, out of which 45 met the eligibility criteria for randomization (completion of baseline measures and signing a memorandum of agreement to adhere to the trial protocol). Excluded schools were those who failed to complete baseline measures, most frequently citing a lack of time to do so (see Figure 1) . Participating schools had significantly higher proportions of students eligible for FSM (29.7%) and speaking EAL (23.3%) than national averages (Department for Education, 2012) but were otherwise representative of norms in England in terms of size, attendance, attainment, ethnicity, and the proportion of students identified as having special educational needs (SEN; see Humphrey, Hennessey et al., 2018 for a description by assignment group).
Students. There were 5,218 students (male; n ϭ 2,681, 51.4%) aged 7-9 years (M ϭ 8.12, SD ϭ .87) in trial schools at baseline. Their characteristics mirrored those of students in English elementary schools, albeit with a similar pattern of deviation in terms of FSM (29.4%), EAL (21.8%), and SEN (19%) to that noted above (Department for Education, 2012 , 2013 . Similar to the national picture of state-funded elementary schools (Depart- Figure 1 . Flow of schools and students through the trial.
a Thirteen schools failed to complete baseline measures because of lack of time (n ϭ 7), lack of information technology facilities (n ϭ 2), other priorities (e.g., Ofsted; n ϭ 1) and lack of response (n ϭ 3); b Student surveys were not completed because of absence, changing school, noncompletion or parental opt-out (n ϭ 818); c Of the students who provided baseline data, n ϭ 420 were lost to follow-up because of school-level attrition, and a further n ϭ 623 were lost to follow-up due to student attrition (e.g., absence, changing school or parental opt-out). However, n ϭ 531 who were part of the sample at baseline but provided data at T2 only were gained. This document is copyrighted by the American Psychological Association or one of its allied publishers.
ment for Education, 2012), 67.8% of the sample were Caucasian (n ϭ 3,538), 11.2% Asian (n ϭ 585), 7.1% Afro-Caribbean (n ϭ 368), 5.5% mixed race (n ϭ 289), 2.7% other/unclassified race (n ϭ 143), and 0.6% Chinese (n ϭ 33). Ethnicity data were not available for the remaining 262 (5%) students.
Intervention
The theoretical underpinning of PATHS is the AffectiveBehavioral-Cognitive-Developmental model of development (Greenberg & Kusche, 1993) . The core component of the program is a taught curriculum, which is supplemented by generalization activities and techniques, and parent materials. Each class receives curriculum packs containing lessons and send-home activities built around four conceptual units (emotional understanding; self-control; social problem-solving; peer relations and self-esteem), plus associated material resources (e.g., posters, feelings dictionaries). Of particular additional note in the context of our psychological wellbeing hypothesis (H1) is the "PATHS Kid of the Day" procedure. Each day, a different focal child's positive qualities and attributes are highlighted by other members of their class, their teacher, and parents/carers; doing so, we argue, will amplify feelings of self-acceptance and life satisfaction. In the current trial, class teachers also received a guidance manual developed by the research team that emphasized the PATHS program theory and the importance of effective implementation (available on request). Of particular note, this manual also contained a delivery schedule, which teachers were asked to follow. Given the spiral nature of the curriculum, delivering the lessons in the prespecified order was emphasized.
PATHS is implemented by class teachers as part of the general classroom timetable. In the current trial, all were qualified teachers (81% female) and had an average of 8 years teaching experience. PATHS curriculum packs contain an average of 40 lessons (30 -40 min each) and are designed to be delivered throughout the school year, approximately twice per week. PATHS teachers received a full day of initial training with a half-day follow-up 4 months later. This training was led by certified trainers from Pennsylvania State University (PSU) and included a range of activities designed to familiarize teachers with PATHS theory, concepts and materials. PATHS teachers also received ongoing technical support and assistance (e.g., lesson modeling, observation and feedback) from three coaches, who were trained by PSU staff and received ongoing supervision throughout the trial.
Control schools reported implementing universal initiatives such as the social and emotional aspects of learning program, National Healthy Schools program, and Circle Time throughout the trial, in addition to personal, social, and health education as part of the standard school curriculum (see Humphrey, Hennessey et al., 2018 for more details).
Measures
Outcome variables. The psychological wellbeing (seven items), peers and social support (four items), and school environment (four items) subscales of the child self-report version of the Kidscreen-27 (KS27; Ravens-Sieberer et al., 2007) were used. The psychological wellbeing domain of KS27 includes items on positive affect, satisfaction with life, and feeling emotionally balanced (e.g., "Has your life been enjoyable?"). The peers and social support domain assesses the nature of the respondent's relationships with their peers (e.g., "Have you been able to rely on your friends?"). Finally, the school environment domain explores feelings about school, learning and concentration, and perceptions of cognitive capacity (e.g., "Have you got on well with your teachers?"). Consistent with the broader literature on the measurement of school connectedness, this subscale measures dimensions of cognitive, behavioral, and affective school connectedness (Libbey, 2004) .
In all three subscales, the respondent reads a statement and indicates their level of agreement on a 5-point scale ranging from 1 (never) to 5 (always). The KS27 is psychometrically robust, with high internal consistency (␣ Ͼ .80 for each subscale), clear factor structure with acceptable confirmatory factor analysis fit indices (comparative fit index ϭ 0.96, root square mean of approximation ϭ 0.07), good test-retest reliability (intra class correlation coefficients Ͼ .60 for each subscale), and strong criterion validity .
Covariates. Conduct problems were measured by the relevant subscale of the teacher-report Strength and Difficulties Questionnaire (SDQ; Goodman, 1997) , and social-emotional competence was assessed using the self-report Social Skills Improvement System (Gresham & Elliott, 2008) . Both measures have been shown to be psychometrically robust (Gresham, Elliott, Vance, & Cook, 2011; Stone, Otten, Engels, Vermulst, & Janssens, 2010) . Data on children's sex and FSM eligibility were drawn from the National Pupil Database.
Analytic Strategy
CACE overview and assumptions. In the intervention condition of any RCT, compliance can be observed and individuals can be categorized as compliers or noncompliers (Jo & Muthén, 2001) . Assuming a binary treatment assignment (T; 0 ϭ control, 1 ϭ treatment) and treatment received (D; 0 ϭ not received, 1 ϭ received) for the individual i, Angrist, Imbens, and Rubin (1996) defined four possible participant behaviors, namely compliers, never-takers, defiers, and always-takers. . Causal interpretation with CACE is possible assuming that the potential outcome of each individual is not affected by the treatment assignment of other individuals (i.e., stable unit treatment value [SUTVA]), treatment assignment is random, there are no defiers (i.e., monotonicity) or always-takers, and the outcome for never-takers is independent of the treatment assignment. In other words, the treatment effect is zero for those who did not participate (i.e., exclusion restriction assumption; see Angrist et al., 1996) .
However, given that compliance status is usually unknown for those in the control group, CACE models are estimated probabilistically as structural equation mixture models . In other words, CACE identifies those in the control group This document is copyrighted by the American Psychological Association or one of its allied publishers.
5 that would have potentially complied with the intervention, had they been randomized to receive it. This is visually represented in Figure 2 , where the circles represent latent variables, and the squares represent observed variables. The compliance status is observed (known) for the intervention group and latent (unknown) for the control group. The variable U in Figure 2 represents the observed binary compliance variable (based on dosage) for the intervention group, where 0 ϭ noncompliers and 1 ϭ compliers.
Compliance data is treated as missing in U variable for the control group and it is therefore estimated through the categorical latent mixture variable C, which represents the compliance status (Class 1 ϭ noncompliers; Class 2 ϭ compliers). This is achieved using the observed compliance data in U that is available for the intervention group, the missing data in U for the control group, and the response variable distribution information for the sample . Using mixture modeling, potential compliers from the control group (had they received the intervention) are therefore identified based on the similarities of their response scores to those of compliers from the intervention group . In Figure 2 , the continuous dependent variable outcome is regressed on the student-level and school-level covariates and the binary treatment variable (PATHS vs. control). The arrows from covariates to C represent the multinomial logistic regression (in student-level) and linear regression (in school-level) of C on covariates (i.e., predictors of compliance). The arrow from C to outcome variable indicates that the intercept of outcome varies across the classes of C (compliers vs. noncompliers). The dashed lines in the student-level indicate that the residual variance of outcome and the regression slopes of outcome on covariates vary across the classes of C. The dashed lines in the school-level indicate that the residual variance of outcome, the slopes of outcome on covariates, and the slope of outcome on treatment variable (PATHS vs. control) vary across the classes of C (for further information on multilevel CACE estimation, see .
Defining compliance. The current study uses dosage as a marker for intervention compliance because the primary motivation for the CACE parameter is to determine treatment effects in the context of receipt of an intervention (as opposed to the offer of said intervention, as in ITT estimation). Dosage is arguably the best indicator of this, as the unit of measurement is the amount of the intervention received (Schochet & Chiang, 2011) . Dosage data were collected by three trained research assistants in structured observations (one per class per year) conducted in the autumn and winter terms (November to April) in a given school year as part of a comprehensive implementation and process evaluation (IPE; Humphrey, Hennessey et al., 2018) . Use of independent observations to capture implementation data is considered much more robust than teacher self-report methods, which are subject to substantial positive bias (Hansen, 2014) . A projected dosage indicator (% lessons delivered by the end of the school year) was recorded for the first (Time 1 [T1]) and second (Time 2 [T2]) years of the trial based on progress against the delivery schedule included in the aforementioned implementation manual. For example, if at the point of observation, the teacher should have been delivering lesson number 10 according to the delivery schedule, and they were in fact delivering Lesson 5, this would be coded as 50%. Similarly, if at the point of observation, the teacher should have been delivering Lesson 18 according to the delivery schedule, and they were in fact delivering Lesson 12, this would be coded as 67%.
Given that CACE requires a binary indicator of compliance, continuous implementation variables (variable U in Figure 2 ) are dichotomized into compliers (score of 1) and noncompliers (score of 0). However, in the absence of a verified compliance cut-off, as in the current study, there is a trade-off when defining compliance (Stuart et al., 2008) . Lower cut-off values may lead to great variation in the implementation of the intervention within compliers (Berg et al., 2017) . Higher cut-offs, on the other hand, may lead to larger CACE estimates but can also result in the exclusion restriction assumption being less realistic (Connell, 2009 ). In such cases, sensitivity analyses that compare the results of different compliance thresholds can be performed (Sagarin et al., 2014) . Compliance in the current study was, therefore, defined in two ways (as in Berg et al., 2017) . Classrooms that fell above the 50th percentile at the T1 implementation assessment were defined as having implemented PATHS with moderate compliance (n student ϭ 801, 49%); that is, having delivered 67% or more of the lessons in Figure 2 . Path diagram for the multilevel complier average causal effect analysis. C ϭ compliance status (Class 1 ϭ noncompliers; Class 2 ϭ compliers); U ϭ binary compliance variable for the intervention group (0 ϭ noncompliance; 1 ϭ compliance; Ϫ999 ϭ missing for control group). This document is copyrighted by the American Psychological Association or one of its allied publishers.
6 PANAYIOTOU, HUMPHREY, AND HENNESSEY a year. High compliance, corresponding to delivery of 79% or more of the lessons, was observed in classrooms that fell above the 75th percentile (n student ϭ 408, 25%). Our main analysis included models using T1 dosage, given that a combined compliance score from both time points caused computational problems in preliminary analyses. Sensitivity analyses were subsequently conducted using moderate (Ͼ36% lessons delivered; n student ϭ 777, 29%) and high T2 compliance (Ͼ42.8% lessons delivered; n student ϭ 367, 13.7%). Descriptive statistics for dosage are presented in Table 1 .
Statistical Analysis
Missing data for the baseline student-level variables ranged between 3.7% and 15.1% and were attributable to student absences (e.g., students changing schools) and parent opt-out. Elevated missingness at follow-up (25.1-25.8%) was attributable to student absences or school drop-out (see Figure 1) . Three classrooms at T1 (4.2%) and five at T2 (7.35%) had missing data on dosage as they were not observed due to annual, sick or maternity leave, and lesson observation cancellation. Robust maximum likelihood (MLR) with full information was, therefore, used under the assumption of data missing at random.
Given the complexity associated with data clustering and participant noncompliance, and the fact that joint multilevel and mixture models can be computationally demanding, data in the extant literature are often analyzed dealing only with one of the two issues . Failure, however, to consider compliance, clustering, or both in RCT designs can result to biased results and decreased power to detect ITT and CACE effects Jo, Asparouhov, Muthén, Ialongo, et al., 2008) . Therefore, for each outcome in the current study, two-level ITT and CACE models were fitted in Mplus8.1, with Level 1 representing the students and Level 2 the schools (n ϭ 45 with average cluster size ϭ 115.96).
ITT analysis. Treatment assignment (1 ϭ control; 2 ϭ PATHS) along with all student-level and school-level covariates were regressed on the outcome variables for all students in schools that had been randomly allocated in the RCT, irrespective of whether or not they subsequently participated in the condition to which they were assigned (Gupta, 2011) . CACE analysis. For the estimation of CACE we were confident that: (a) because of randomization occurring at the school level, violation of the SUTVA assumption-that is, the interaction among students assigned to different treatment conditions (i.e., contamination)-was improbable (Jo, Asparouhov, Muthén, Ialongo, et al., 2008) ; (b) treatment assignment was random; and (c) there were neither always-takers nor defiers (i.e., control schools did not have access to PATHS). Although the exclusion restriction assumption might be reasonable under certain conditions (e.g., experiments with blinding), its plausibility in social-behavioral interventions is often questioned (Jo, Asparouhov, Muthén, Ialongo, et al., 2008) . In our study, this assumption was less realistic due to the cut-offs used to define compliance. Where this is the case, it is possible to relax the exclusion restriction assuming good predictors of compliance (as demonstrated by Jo, 2002a) . However, the effectiveness of such methods are less well known within the multilevel framework (i.e., cluster RCT; . Although a simulation study by Jo, Asparouhov, Muthén, Ialongo, et al. (2008) provides some confidence in relaxing this assumption in cluster RCT designs, we decided against it. Missing data within CACE is already complicated (Jo, Ginexi, & Ialongo, 2010) and our model, compared to that of Jo, Asparouhov, Muthén, Ialongo, et al. (2008) , was estimated based on a smaller cluster sample (n ϭ 45) and missing data on the covariates and outcomes (full information maximum likelihood [FIML] ), which in combination with relaxing the exclusion restriction might have further complicated CACE estimation. We therefore relied on the inclusion of good individual-level and school-level predictors, which can mitigate the potential impact of such an assumption being violated (Jo, Asparouhov, Muthén, Ialongo, et al., 2008) . Although the choice to comply was at the teacher/classroom level, dosage data were disaggregated to the student level, as information on the class membership for the control schools was not available, thus preventing us from treating classroom as a higher level in our multilevel CACE models.
Given that neither always-takers nor defiers were assumed, the current study focuses only on compliers and never-takers, which we refer to as compliers and noncompliers for simplicity. A multilevel mixture modeling analysis for the CACE models was used as this can accommodate clustered data considering mixture distributions of compliers and noncompliers . CACE was performed using MLR and expectation maximization algorithm (ML-EM; -2017a , which enables the estimation of the unknown compliance status for the control group (Jo & Muthén, 2001 ) and in our case, the classrooms that were not observed. Each model was fitted using the moderate and high compliance cut-offs and with double the starting values to ensure that the best log likelihood value was replicated. In instances where a statistically significant intervention effect was observed, an effect size, comparable to Cohen's d (Cohen, 1992) , was calculated using the following formula ⌬ ϭ ␤/ e , where ␤ represents the treatment beta effect and e indicates the standard deviation of the outcome variable at the student-level (Tymms, 2004) .
Covariates. Sex (1 ϭ male, 2 ϭ female), student FSM eligibility (0 ϭ no FSM; 1 ϭ FSM), conduct problems, and socialemotional competence were added alongside baseline scores as Level 1 predictors of each outcome and the compliance latent This article is intended solely for the personal use of the individual user and is not to be disseminated broadly. 7 class. Although it was assessed for the teachers, compliance to an intervention can be influenced by the classroom climate, which has been shown to be affected by student-level characteristics (Domitrovich et al., 2008; Koth, Bradshaw, & Leaf, 2008) . For instance, we included children's social-emotional competence as this may be an important factor affecting implementation, particularly for a program focused on SEL (Voegler-Lee, Kupersmidt, Field, & Willoughby, 2012) . It is possible that teachers would more likely deliver such an intervention in classes where the perceived need is greater (e.g., with students low in socialemotional competence). School size, poverty (FSM), and minority ethnic composition (EAL) were added as school-level covariates of each outcome but also of compliance latent class, given that previous work has found these to be significant predictors of program implementation (McIntosh, Mercer, Nese, StricklandCohen, & Hoselton, 2016; Payne & Eckert, 2010; Payne, Gottfredson, & Gottfredson, 2006) . The same covariates were used in ITT models for consistency. Given that, as noted above, classroom was not treated as a level in the analysis, this meant that we could not include teacher level covariates.
Results
Means, standard deviations, and omega internal consistency coefficients for the study variables are reported in Table 1 .
ITT Analyses
The main ITT analyses, after controlling for student-level and school-level covariates, found a small but statistically significant intervention effect for psychological wellbeing (␤ ϭ .81, p Ͻ .05; ⌬ ϭ .17). However, no such effects were observed for peer social support or school connectedness (see Table 2 ).
CACE Analyses
The moderate and high compliance models are reported in Tables 3 and 4 , respectively. The entropy, which is a classification quality index (with a range of 0 -1), was used to assess the appropriateness of said models, with higher values indicating that classes are more easily distinguished (Grimm, Ram, & Estabrook, 2017) . Classes with no less than 1% total count and high posterior probabilities were also considered acceptable (Jung & Wickrama, 2008) . All models met the above criteria and with high entropy values for both moderate (.72-.74) and high compliance (.72-.80). After accounting for baseline scores, conduct problems, socialemotional competence, FSM, sex, school FSM, EAL, and size, models using a moderate compliance cut-off revealed medium to large statistically significant treatment effects for peer social support (␤ ϭ 1.98, p Ͻ .001; ⌬ ϭ .63) and school connectedness (␤ ϭ 2.01, p Ͻ .001; ⌬ ϭ .80). In addition, compared to ITT analyses, the intervention effect size was found to be larger for psychological wellbeing (␤ ϭ 2.00, p Ͻ .001; ⌬ ϭ .43). Intervention effect sizes remained stable in magnitude in the high compliance models (⌬ ϭ .43 for psychological wellbeing; ⌬ ϭ .63 for peer social support; ⌬ ϭ .79 for school connectedness). Sensitivity analyses using compliance markers derived from T2 dosage data replicated this pattern of findings (see Supplemental Tables S1-S2 of the online supplementary materials). This was unsurprising, as although dosage was reduced by almost half at T2 (see Table 1 ), only a relatively small percentage of moderate (n student ϭ 166, 20.7%) and high (n student ϭ 43, 10.5%) T1 compliers ceased being a complier in the second year of implementation. On the other hand, 32.6% of moderate (n student ϭ 270) and 18% of high (n student ϭ 219) noncompliers at T1 became a complier by T2.
Student-level and school-level covariate effects on compliance are interpreted as logistic and linear regression coefficients, respectively. Social-emotional competence was found to be a statistically significant predictor of moderate compliance in the psychological wellbeing (b ϭ Ϫ1.59, p Ͻ .001; odds ratio [OR] ϭ .21) and peer social support models (b ϭ Ϫ.96, p Ͻ .001; OR ϭ .38). Conduct problems was shown to significantly predict moderate (b ϭ Ϫ.15, p Ͻ .05, OR ϭ .87) and high compliance (b ϭ Ϫ.16, p Ͻ .05; OR ϭ .85) when school connectedness was the outcome. Baseline scores also predicted high compliance in school connectedness (b ϭ .86, p Ͻ .05; OR ϭ 2.37). It is worth noting that while some of the effects were automatically fixed for two of the high compliance models-possibly due to their complexity-high percentages of school EAL appeared to consistently predict low compliance (b ϭ Ϫ.53-.58). Results differed somewhat for models using T2 compliance data, where student FSM and school size were shown to be the most common predictors of reduced compliance (see Supplemental Tables S1-S2 in the online supplementary material).
Discussion
The principal aim of the current study was to advance knowledge and understanding in relation to the impact of an evidencebased SEL intervention on children's psychological wellbeing, perceptions of peer social support, and school connectedness. This was undertaken in the context of a major randomized trial of the PATHS curriculum, implemented outside of its country of origin and evaluated independently. As is commonly observed in schoolbased interventions (Berg et al., 2017; Durlak, 2016; Kam, Greenberg, & Kusché, 2004) , implementation in the current study was variable despite successful randomization. Although some previous studies have accounted for implementation effects in schools delivering the PATHS curriculum (Berry et al., 2016; Conduct Problems Prevention Research Group, 1999b; Humphrey, Barlow, & Lendrum, 2018; Humphrey, Hennessey et al., 2018; Kam et al., 2004; Schonfeld et al., 2015) , they have failed to include both intervention and control groups of the trial in their analyses. With a few exceptions (noted in the introduction to the current study), the same can be said of the field of school-based intervention research more generally. This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.
CACE FOR PATHS RANDOMIZED TRIAL
ITT treatment effects are estimated under the assumption that all participants in the intervention group complied with the intervention (i.e., received the intervention; Jo & Muthén, 2001 ). However, when noncompliers are also included in the analysis, this can lead to biased and often underestimated intervention effects (Connell, 2009; Jo & Muthén, 2001 ). Failing to account for compliance variability in the analysis of RCTs can also result in substantially decreased power to detect treatment effects . Therefore, a secondary aim of this study was to demonstrate the estimation of multilevel CACE models for cluster RCT designs, thereby enabling us to determine the extent to which the magnitude of any intervention effects identified in the main ITT analysis changed once compliance was taken into account.
Our results demonstrate that the impact of PATHS on children's psychological wellbeing, peer social support, and school connectedness strongly depends on teachers' intervention compliance. When ITT models were used, an intervention effect was identified only for psychological wellbeing. However, taking compliance into account, we also found intervention effects for peer social support and school connectedness that were statistically significant and medium to large in magnitude. In other words, PATHS was shown to meaningfully improve these outcomes when teachers delivered at least 67% of the curriculum. The effect of PATHS on psychological wellbeing was also stronger in magnitude among teachers demonstrating moderate intervention compliance when compared to that identified through the corresponding ITT analysis. In contrast to other research (Berg et al., 2017; Connell, 2009) , identical effect sizes were observed across the moderate and high CACE models, which indicates that further increases in compliance to the PATHS curriculum do not necessarily lead to additional increases in intervention effects. Although our findings align with those by Nagengast et al. (2018) , who reported trivial differences between models using different compliance cut-offs (for their text condition outcome), we are cautious in our interpretations given that the high compliance models were estimated based on a smaller sample of compliers (25%, n ϭ 408). In addition, this is the first study to estimate CACE effects with FIML within a multilevel framework, the implications of which are largely understudied. It is worth noting that sensitivity analyses using dosage data from the second year of the trial presented a similar picture. No substantial differences were observed between the first and second years of the trial, and effect sizes were mostly identical. This might indicate that, although dosage was generally reduced by T2, the benefits of PATHS were accrued during the first year of the trial, where dosage was higher (though it is also worth noting that most teachers who complied in the initial stages of the trial remained "compliers" throughout the study period).
Implications
Given that this is the first study to estimate the impact of PATHS on these aspects of children's quality of life, and most importantly through CACE, our findings add new, independent, and rigorous evidence for this program and, by extension, contribute to the growing literature which highlights the utility of SEL as an efficacious means through which to promote socially significant outcomes in school (Durlak et al., 2011; Sklad et al., 2012; Taylor et al., 2017; Wigelsworth et al., 2016) . Accordingly, support for both the underpinning SEL theory (e.g., CASEL, 2003) and PATHS program theory (Greenberg & Kusche, 1993 ) is implied, though with the important caveat that the magnitude of intervention effects clearly varies as a function of implementation. As a consequence, we propose that intervention logic models should start to reflect this as opposed to simply showing the theorized causal links between program inputs, change mechanisms, and outputs under "ideal" conditions as in our recent, adapted version of the PATHS logic model (Humphrey, Hennessey et al., 2018) . In addition, though it was beyond the scope of the current study given its existing analytical complexity, future research could usefully examine the extent to which the intervention effects observed are mediated by proximal changes in treatment inherent outcomes in a manner consistent with the theorized mechanisms discussed earlier (e.g., is improved psychological wellbeing triggered via enhanced self-awareness and emotional regulation following exposure to PATHS?).
The effects observed in the current study can be considered particularly noteworthy given the evidence of declining levels of wellbeing in the school-aged population in recent years (Children's Society, 2017), the concurrent and prospective associations between wellbeing and academic attainment (Gutman & Vorhaus, 2012) , and the established longer-term links between improved wellbeing and lower mortality rates (Chida & Steptoe, 2008) . Similarly, the peer relations and support effects are promising given the primacy of positive peer relations in child and adolescent development (Bagwell & Schmidt, 2011; Bierman, 2005; Kendrick et al., 2012) , in addition to their obvious utility in the educational context. We know that students are more resilient and responsive academically in classrooms and schools in which they feel safe and cared about, and where learning and relationship building are facilitated (Durlak et al., 2011; Humphrey, 2013; Kochel et al., 2017) . In the same way, students having a sense of school belonging are less likely to report poor mental health, social rejection, and school problems, such as school disengagement (Anderman, 2002; Kia-Keating & Ellis, 2007) . These findings also highlight the utility of CACE in determining what could be regarded as the "true potential" of interventions such as PATHS (e.g., the actual effects of the intervention itself as opposed to the effects of being randomized to receive the intervention, as in ITT; . In our case, we find that exposure to at least 67% of the lessons during the first year of the trial optimized the impact of the intervention. However, this comes with a caveat, in that ITT analyses may still be considered more indicative of the likely intervention effects when interventions are implemented outside of trial settings, as we know that noncompliance is highly probable, and indeed may increase significantly, out in the "realworld" of schools .
Our CACE findings demonstrate that, beyond a certain point, more is not necessarily better (Durlak & DuPre, 2008) . Given, however, the low mean compliance (relative to developer expectations) in the current and other studies (Berry et al., 2016; Conduct Problems Prevention Research Group, 1999b) , they also raise the question of whether a shorter version of PATHS would be as or more effective. Although we are unable to currently provide a definitive answer, it is worth bearing in mind that had they followed an abridged delivery model, teachers would likely have to comply 100% with the intervention to replicate the CACE findings reported here. The cost-benefit effectiveness of such an approach This document is copyrighted by the American Psychological Association or one of its allied publishers.
10 could, however, be improved if the levels of implementation necessary to achieve the best results are known (Durlak & DuPre, 2008) . Therefore, future research should consider establishing different implementation thresholds for different outcomes. Given the primacy of implementation variability in our findings, a natural corollary is for us to consider theory and research on what drives this in school-based interventions. Theoretical models (e.g., Domitrovich et al., 2008) , reviews of research (e.g., Durlak & DuPre, 2008) , and individual studies highlight a range of factors operating at different levels. These include preplanning and foundations (e.g., the need, readiness and capacity for change in the school), the implementation support system (e.g., the provision and form of initial training and ongoing coaching or other support), the implementation environment (e.g., compositional and contextual characteristics, leadership support), implementer factors (e.g., the "will and skill" of teachers), and the characteristics of the intervention itself (e.g., its complexity and prescriptiveness). In terms of the current study, qualitative IPE data revealed solid foundations, with clearly identified student needs and desire for change among participating schools (Humphrey, Hennessey et al., 2018) . Furthermore, as noted earlier, the implementation support system was strong, with teachers in PATHS schools receiving initial and follow-up training in addition to ongoing technical support and assistance from trained coaches. However, in terms of the implementation environment, our IPE data revealed issues of competing priorities, curriculum demands and lack of time. In addition, teacher attitudes toward PATHS varied, with opinion divided, in particular, regarding the structured, prescriptive nature of the intervention (Humphrey, Hennessey et al., 2018) .
Unlike others (Voegler-Lee et al., 2012) we found that the odds of being a complier increased in classrooms with students with lower average social-emotional competence scores. This may be a reflection of higher perception of need in such settings (a proposition given some support by qualitative data in the aforementioned IPE; Humphrey, Hennessey et al., 2018) and aligns with Kowalski, Pretti-Frontczak, and Johnson (2009) , who found that teachers feel that social-emotional skills are more important than academic skills. Inconsistent with existing literature (Payne et al., 2006) , we also found that teachers were less likely to comply in schools with higher percentages of students speaking EAL. This highlights how natural variation in school compositional and contextual characteristics may underpin between-school differences in implementation and may reflect the importance of appropriate adaptation for ethnic minority populations (Durlak & DuPre, 2008) . It is possible, for instance, that teachers felt they were unable to adapt PATHS to the needs and preferences of children whose first language was not English (Humphrey, Hennessey et al., 2018) . Finally, conduct problems also influenced compliance, but only in one of the models. This might be explained by the low percentage of students considered as exhibiting high levels of conduct problems (n ϭ 482, 9.2%). It is also likely that such difficulties are less salient for teachers delivering SEL interventions, especially compared to social-emotional competence. It is worth noting that although lower scores of social-emotional competence were a key driver of increased compliance in the first year of the trial, this was not the case for the following year. At T2, poverty and school size were shown to be influencing compliance, indicating that different factors may influence implementation over time.
Strengths and Limitations
The current study has numerous strengths that increase confidence in the security of the findings reported herein. First, we used a large and robust cluster RCT design with appropriate analyses that took both compliance and data clustering into account, and ours is among the few available studies that provide a multilevel CACE model, and the first, to our knowledge, to accommodate missing data within this framework. The use of clusterrandomization minimized the possibility of diffusion and or contamination, and the randomization process itself was conducted independently of the research team. Trial school composition mirrored that of primary schools in England with the exception of EAL and FSM. Good predictors of compliance were used, and the outcome measures were psychometrically robust and theoretically plausible, but not intervention specific (e.g., not "inherent to treatment"). Finally, the application of CACE allowed for an unbiased estimate of the effects of PATHS in which intervention compliance was taken into account.
There are, however, a few limitations that need to be borne in mind. First, although CACE estimation requires a binary compliance indicator, in the case of school-based interventions, partial compliance is often observed, meaning that there is potential for the exclusion restriction assumption to be violated (Education Endowment Foundation, 2018) . Put more simply, CACE assumes that those deemed to be noncompliers in the intervention arm accrue no benefit from the intervention, when in fact this may not be the case-it really depends on how or where the compliance threshold is set. In the current study and others like it (e.g., Berg et al., 2017) , this issue was partially addressed via sensitivity analyses in which the compliance threshold was manipulated in order to determine whether this made a substantive difference. To make our findings more robust, we relied on the inclusion of good predictors of compliance. However, this is often not ideal given that bias due to the violation of the exclusion restriction assumption cannot be completely eliminated (Jo, 2002b) , and so alternative approaches should be considered. This might include prespecifying minimal and optimal compliance thresholds or using related instrumental variable approaches that allow for continuous measures of compliance (Education Endowment Foundation, 2018; Gerber & Green, 2012) .
Second, because CACE requires a single indicator, only intervention dosage data were used in our analysis. This means that other potentially important implementation dimensions (e.g., procedural fidelity) were neglected. Alternative approaches, such as using multiple implementation dimensions to create a composite compliance indicator, or estimating causal effects separately for each dimension, were considered but dismissed. In the case of the former, it would have been challenging to combine dimensions in a meaningful way given the lack of theoretical or empirical benchmarks. In the case of the latter, interpretation would have been problematic as each CACE estimate would potentially be defined by a different sample of compliers (e.g., those compliant in terms of dosage may not be compliant in terms of procedural fidelity, and so on). This document is copyrighted by the American Psychological Association or one of its allied publishers.
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Third, the inherent limitations of the implementation measure itself must be acknowledged. Chief among these is that it provided only a relative "snapshot" of implementation. Clearly, repeated observations throughout the trial would have been preferable, but would have produced unacceptable levels of data burden for participating schools. We also note that some major observational studies of temporal patterns in implementation have evidenced considerable stability (e.g., Hansen et al., 2013) , including some that have focused on PATHS. For example, Domitrovich, Gest, Jones, Gill, and Sanford DeRousie (2010) found no significant changes in PATHS dosage, fidelity or participant responsiveness in implementation data collected monthly over the course of a school year. We were confident in the accuracy of the data generated, as independent observations have been found to be more robust than teacher self-ratings (Hansen, 2014) . Although observations were scheduled with teachers in advance, meaning that in theory they could simply teach the scheduled lesson while being observed, our data demonstrated that this was clearly not the case. For example, projected dosage was as low as 24% for one class in the first year of the trial.
Fourth, it is worth noting the potential limitations arising from our use of solely self-reported outcome measures. There have been substantial discrepancies reported between parent-and childreported quality of life (Jozefiak, Larsson, Wichstrøm, Mattejat, & Ravens-Sieberer, 2008; Upton, Lawford, & Eiser, 2008) and indeed this is the case for the psychological wellbeing and peer social support domains of KS27 . For the Kidscreen measure specifically, discrepancies have been shown to be the result of differences in the response style and reasoning, and item interpretation (Davis et al., 2007) . It has, therefore, been argued that comparing the ratings between selfand proxy-report quality of life might be meaningless and potentially misleading (Bagheri, Jafari, Tashakor, Kouhpayeh, & Riazi, 2014) . Although some suggest that both sources should be used, whenever possible (Erhart, Ellert, Kurth, & Ravens-Sieberer, 2009) , others argue that parent-report might not be appropriate in capturing the construct of quality of life, which by definition concerns the individual's subjective perspective (Jozefiak, 2014; Wallander & Koot, 2016) . Therefore, self-report should be the primary source of information (Wallander & Koot, 2016) , especially in healthy populations (Rajmil, López, López-Aguilà, & Alonso, 2013) .
However, with specific reference to perceptions of peer relations and support, it has been argued that reliance on solely self-report measures fails to fully capture children's actual social interactions (Parker & Asher, 1993) . For instance, peer nomination is one of the most widely used methods of sociometric status (see GiffordSmith & Brownell, 2003; Pepler & Craig, 2003 , for a detailed comparison of methods). However, peer-rated assessments can be influenced by reputational bias (Hymel, Wagner, & Butler, 1990) and were shown to correlate poorly with self-ratings on specific aspects of social relationships, such as bullying and victimization (Branson & Cornell, 2009) . Similarly, although in theory teachers could be reliable observers of children's social networks (Gest, 2006) , their ratings of children's friendships have recently been shown to be less accurate than self-report (Meyer & Ostrosky, 2018) . Given that friendships and peer relationships are neither group-nor individual-specific constructs, their measurement posits a challenge (Gifford-Smith & Brownell, 2003) . Therefore, future research should carefully consider such measurement issues and, if possible, include multiple (e.g., through latent modeling as in Nangle, Erdley, Newman, Mason, & Carpenter, 2010) sources of information that fit with the research questions being examined.
Fifth, although relevant student and school characteristics were used as predictors of compliance, we were unable to model teacher characteristics, because of the lack of classroom membership information for the control schools. Subsequently, it was necessary to disaggregate the compliance data to the student level, a method that was shown to perform well within CACE analysis (Jo, Asparouhov, Muthén, Ialongo, et al., 2008) . However, there was a missed opportunity to specifically account for the classroom-level effects by exploring a more comprehensive model through a threelevel CACE with students in Level 1, teachers in Level 2, and schools in Level 3. Future studies should therefore seek to address this limitation. Finally, because of computational issues, we were unable to test the combined effects of compliance from both years of the trial. However, results from sensitivity analyses provided support for invariant effects between models using dosage data from different time points.
Recommendations for Future Research
Much of the current evidence on the efficacy of SEL interventions relies on the ITT model, and those exploring implementation effects routinely fail to include both intervention and control groups in their analyses. Although ITT effects offer important information, especially for understanding whether school-based interventions can work under real world conditions (Berg et al., 2017) , their effects might be underestimated (Connell, 2009) . Estimating the effect of compliance to an intervention can provide more robust and generalizable estimates, which can be useful in policy-making (Stuart et al., 2008) . Drawing from the current study, we therefore make several recommendations for future research. We agree with CACE advocates (e.g., that its use should become more widespread in school psychology. It is important, however, to retain ITT analysis; one should not replace the other. As described above, ITT alongside CACE can certainly provide more robust and useful information about intervention effects than ITT alone (Stuart et al., 2008) . However, routine incorporation of CACE estimation will likely require agreement between program developers and researchers on the definition of compliance in the context of a given intervention so that this can be specified a priori (Education Endowment Foundation, 2018; Schochet & Chiang, 2011) . Such a definition should be derived from intervention theory, and the notion of critical component analysis, wherein the active ingredients of an intervention are theorized and tested, may be useful here. Blase and Fixsen (2013) argued that proposed core intervention components can operationalized as contextual factors (e.g., the particular setting in which the intervention occurs), structural elements (e.g., the obligatory number and/or sequence of sessions) and/or specific practices (e.g., reinforcing intervention concepts and ideas outside of sessions to promote generalization of learning); a combination of these could feasibly be used to generate a meaningful compliance indicator for a given intervention. However, this issue requires further attention. Intervention manuals rarely specify (proposed) critical components, and indeed, (Durlak, 2010) noted that, "the core elements of most psychosocial and educational intervenThis document is copyrighted by the American Psychological Association or one of its allied publishers.
12 PANAYIOTOU, HUMPHREY, AND HENNESSEY tions are unknown" (p. 351). Therefore, where this is the case, we suggest that different compliance thresholds are considered through sensitivity analysis as in the current and other studies (Berg et al., 2017; Sagarin et al., 2014) . Following others (Nagengast et al., 2018; Stuart et al., 2008) we advise future researchers to collect data that are expected to affect compliance rates and that are in line with the focus of their intervention. For instance, in the current study, social-emotional competence-which is directly related to the focus of SEL interventions-was shown to be a significant predictor of compliance. The inclusion of strong predictors also decreases sensitivity to violation of underlying assumptions such as the exclusion restriction and increases identifiability of CACE effects when such assumptions are relaxed (Jo, Asparouhov, Muthén, Ialongo, et al., 2008) . Although techniques that relax the exclusion restriction have received increased support over the years, their applicability in multilevel CACE is well less studied. In addition, much of the current work relies on listwise deletion (Berg et al., 2017; Jo, 2002b; Jo, Asparouhov, Muthén, Ialongo, et al., 2008) despite repeated recommendations against it (Harel, Zimmerman, & Dekhtyar, 2008) and the possibility of accommodating missing data within the ML-EM framework (Jo, 2002b) . Therefore, further work is needed to explore the plausibility of real-life scenarios, such as how to work with cluster RCT data with noncompliance, a smaller number of clusters, and missing data on the covariates and outcomes, the latter of which is commonly observed in schoolbased interventions (see Taylor et al., 2017) .
Finally, compliance in school trials is often decided at the cluster level (e.g., teacher or school) requiring disaggregation of data to the student level. Although a simulation study by Jo, Asparouhov, Muthén, Ialongo, et al. (2008) has found no issues with modeling individual-level compliance variables with low within-level variation (i.e., with high intra cluster correlation coefficient [ICC]), we found that a combined dosage variable from both time points of the trial with ICC ϭ 1 was causing computational problems in the current study. Given that the impact of such variables on the quality of the estimation is unclear -2017b , further investigation is in order. Until such time, we advise that when these are used, their impact on model estimation is considered.
In conclusion, considering both ITT and CACE analyses, the current study has rigorously demonstrated that the PATHS curriculum significantly improves children's psychological wellbeing, peer social support, and school connectedness. From a methodological perspective, the current study also highlights the utility of CACE estimation for school-based RCTs in school psychology, as our analyses indicated that the magnitude of these effects is increased when intervention compliance is taken into account. However, further efforts to optimize implementation are required if the true potential of PATHS (and by extension, other SEL interventions) is to be realized.
